In 2 sets of experiments, the authors investigated the basis for old-item distinctiveness effects in perceptual recognition, whereby distinctive old items are recognized with higher probability than are typical old items. In Experiment 1, distinctive old items were defined as those lying in isolated regions of a continuous-dimension similarity space. In this case, any beneficial effects of distinctiveness were absent or small, regardless of the structure of the test list used to assess recognition memory. In Experiment 2, distinctive items were defined as those objects containing certain discrete, individuating features. In this case, large old-item distinctive effects were observed, with the nature of the effects being modulated by the structure of the test lists. A hybrid-similarity exemplar model, combining elements of continuous-dimension distance and discrete-feature matching, was used to account for these distinctiveness effects in the recognition data.
According to global-activation models of old-new recognition memory, observers make recognition judgments on the basis of the overall familiarity of test objects. Presentation of a test object is assumed to give rise to a global activation of information stored in memory. The greater this global activation, the greater is the sense of familiarity associated with the object, and so the greater is the probability with which an observer judges the object to be old (Gillund & Shiffrin, 1984; Hintzman, 1988; Metcalfe Eich, 1982; Murdock, 1982) .
In the present research, we are primarily concerned with forms of perceptual recognition, involving stimuli such as colors, faces, dot patterns, and geometric forms. In the domain of perceptual recognition, one member of the class of global-activation models is the exemplar-based generalized context model (GCM; Nosofsky, 1988 Nosofsky, , 1991 . According to the GCM, people store individual exemplars of study items in memory. The exemplars are represented as points in a multidimensional perceptual space, and similarity between exemplars is a decreasing function of distance in the space. According to the model, the observer makes old-new recognition judgments by summing the similarity of test items to the individual exemplars stored in memory. This summed similarity provides the measure of overall familiarity that serves as a basis for the observer's old-new decisions. Previous research has demonstrated that, at least in fairly simple perceptual domains, the GCM can successfully predict fine-grained differences in old-new recognition probabilities as a function of fine-grained differences in summed similarities among items (Nosofsky, 1988 (Nosofsky, , 1991 Shin & Nosofsky, 1992; Zaki & Nosofsky, 2001 ; for closely related work, see Brockdorff & Lamberts, 2000; Estes, 1994; Lamberts, Brockdorff, & Heit, 2002 ; K. J. Lee, Byatt, & Rhodes, 2000) .
Most of the success of the GCM has involved predicting how false-alarm rates associated with new items vary with their similarity to old items. A robust finding from the perceptual recognition literature is that as the similarity of new items to old study items increases, false-alarm rates to these new items increase. The GCM successfully predicts, in quantitative detail, this pattern of false-alarm rates.
A potential problem associated with the GCM, however, concerns results involving hit rates to old items. In the present research, our key question concerns how hit rates to old items may vary with the distinctiveness of the old items. Distinctiveness is a fundamental construct in memory research, but the construct is open-ended and multifaceted (for a review, see Schmidt, 1991) . In general, it seems to entail the extent to which an item stands out from other items in the set. In the initial part of the present article, we operationalize the construct in terms of how similar individual items are to other items in the study set. Specifically, we define typical items as those that are highly similar to other experienced items, whereas distinctive items are highly dissimilar to other experienced items.
In various experimental paradigms, the effects of distinctiveness on memory for old items are fairly clear-cut. For example, in tasks of free recall, a distinctive item embedded in a list of otherwise homogeneous items has a significant memorial advantage (Hunt, 1995) . Likewise, consider tasks of perceptual identification, in which observers need to learn to assign unique labels to each member of a set. In such tasks, identification accuracy is superior for distinct items lying in isolated regions of a similarity space than for nondistinct items lying in dense regions (Lockhead, 1970) . Such results are consonant with the predictions from exemplarbased models of memory and perceptual classification. For exam-ple, according to the search of associative memory (SAM) model (Gillund & Shiffrin, 1984; Raaijmakers & Shiffrin, 1981) , recall takes place by using cues to sample individual item traces from memory. Because distinctive items receive far less competition than do nondistinct items in this sampling process, the model naturally predicts a distinctiveness advantage in free recall. Likewise, according to the GCM (Nosofsky, 1986) , perceptual identification accuracy is determined by the similarity of an item to its own memory trace compared with its similarity to all competing memory traces. Because distinctive items receive far less competition in this similarity-comparison process, their identification accuracy is enhanced.
In tasks such as recall and identification, the goal involves gaining access to unique memory traces associated with the individual objects. The analysis of old-new recognition is different, however, because performing this task does not require such access. Instead, according to the global-familiarity models, recognition judgments are mediated by a global activation of all traces stored in memory, not by the sampling and recovery of individual traces.
Indeed, on the basis of its summed similarity rule, the GCM predicts that hit rates associated with typical old items will be higher than hit rates associated with distinctive old items, not the reverse. According to our present definition, typical old items have greater summed similarity than do distinctive old items, so typical items will give rise to a greater sense of familiarity. There is evidence, however, that the reverse result may sometimes hold, whereby distinctive old items have higher hit rates than do typical ones.
Much of this evidence arises from the face-recognition literature, where it is often reported that distinctive faces are recognized with higher probability than are typical faces (e.g., Bartlett, Hurry, & Thorley, 1984; Light, Kayra-Stuart, & Hollander, 1979; Valentine and Ferrara, 1991; Vokey & Read, 1992) . A good example is found in a recent face-recognition study reported by Busey and Tunnicliff (1999) . These researchers had subjects study a large set of pictures of faces. Extensive similarity-scaling work was performed to locate these faces as points in a multidimensional similarity space. An intriguing aspect of Busey and Tunnicliff's results was that distinctive old faces (i.e., those located in isolated regions of the multidimensional-similarity space) had higher hit rates than did typical old faces. Furthermore, as would be expected on the basis of this result, the GCM failed to provide a good quantitative account of these face-recognition data.
However, as acknowledged by Busey and Tunnicliff (1999) , other aspects of the faces could have influenced these results besides their degree of isolation in the scaled space. For example, in their study, faces located in isolated regions of the similarity space all tended to have beards, whereas faces located in dense regions did not. Thus, degree of isolation in the space was confounded with various other properties of the individual objects themselves.
Therefore, to study more systematically the potential effects of typicality and distinctiveness on both false-alarm rates to new items and hit rates to old items, Zaki and Nosofsky (2001) conducted a study in which these variables were manipulated experimentally across conditions. The design of one of their experiments is illustrated schematically in Figure 1 . (The stimuli were Munsell colors varying in hue, saturation, and brightness.) There were three critical regions (A, B, and C) of old study items, represented by the dotted triangles in the figure. All items within a region were highly similar to one another, whereas items from different regions were dissimilar. In each condition, one, two, or three items from a region were presented during study. For example, in Condition 1, one item was presented from Region A, two items were presented from Region B, and all three items were presented from Region C. Thus, in this condition, the item from Region A was a distinctive old item, whereas the items from Region C were typical. The number of items presented from each region was rotated across conditions so as not to confound the variables of typicality and distinctiveness with other properties of the individual objects themselves. Finally, at time of test, all items illustrated in the figure, both old and new, were presented for recognition judgments.
As is almost always observed in tests of perceptual old-new recognition, Zaki and Nosofsky (2001) found that false-alarm rates associated with new items increased as their typicality increased. For example, in Condition 1 described above, false-alarm rates associated with new objects from Region C were higher than false-alarm rates associated with new objects from Region A. The more critical finding concerned the results for old items. In apparent contrast to the results observed from the face-recognition literature, hit rates associated with distinctive old items were not higher than hit rates associated with typical old items. Although the hit rates for typical old items were only slightly higher than those for distinctive ones, Zaki and Nosofsky found that the GCM provided good quantitative fits to the complete sets of data. That is, the model predicted well the magnitude of both the false-alarm and hit rates as a function of the typicality manipulations. Therefore, Zaki and Nosofsky concluded that when properties of individual Figure 1 . Schematic design of the distinctiveness experiment tested by Zaki and Nosofsky (2001) . Open squares represent potential old items; solid circles represent prototypes; shaded hexagons represent related items; and solid triangles represent distractor items.
objects were held fixed, the GCM predicted correctly the effects of typicality and distinctiveness on false-alarm and hit rates. Shiffrin, Huber, and Marinelli (1995) reported an old-new recognition study with results that were similar to those observed by Zaki and Nosofsky (2001;  albeit in a study involving memory for words rather than perceptual stimuli). In their experiment, subjects studied a single long list of words, with the words coming from various categories that varied in size (small: two words per category; medium: six words; and large: nine words). At time of test, Shiffrin et al. presented subjects with two old words from each category, two new words, and the category prototype. Parallel to the result found by Zaki and Nosofsky, Shiffrin et al. observed that false-alarm rates to new items and to the prototype were substantially higher for the large-size categories than for the small-size ones. In addition, parallel to the result from Zaki and Nosofsky, Shiffrin et al. observed that hit rates for old items from small-size categories (i.e., distinctive old items) were not higher than hit rates to old items from large-size categories. Furthermore, the globalactivation SAM model (Gillund & Shiffrin, 1984) provided a good quantitative account of these old-new recognition results.
Comparing the results of Shiffrin et al. (1995) and Zaki and Nosofsky (2001) with those from the face-recognition literature therefore leads to an interesting question: Why are hit rates for distinctive faces often greater than hit rates for typical ones, whereas the reverse result was obtained in the above cited experiments involving colors and words?
In the present research, we investigate two main hypotheses to shed light on this question. The first hypothesis, which we pursue in Experiment 1, is that the contrasting results may reflect procedural differences in the structure of the test situations used in these types of experiments (Zaki & Nosofsky, 2001 , p. 1036 ). The second hypothesis, which we pursue in Experiment 2, is that distinctiveness effects in recognition arise not simply when items lie in an isolated region of the similarity space but rather when they possess unique, individuating properties as well. To anticipate, we find that some combination of these factors seems to be involved, and we develop and test an extended version of the GCM to account for these distinctiveness effects.
Experiment 1
In standard face-recognition studies, such as the one reported by Busey and Tunnicliff (1999) , a sample of faces with differing properties is generated, and some faces are randomly selected as old and others as new. Furthermore, some of the faces happen to lie in dense regions of the similarity space (i.e., they are typical faces), whereas others lie in isolated regions (i.e., they are distinctive). At time of test, all faces are then presented for old-new recognition judgments. Note that by using this procedure, there are likely to be many more foils that are highly similar to target faces from typical regions than to target faces from distinctive regions. The reason is that the same naturally occurring distribution that produces the old faces is also being used to produce the new ones. Thus, in many face-recognition studies, the nature of the test situation tends to be correlated with that of the study situation. If a highly distinctive face is presented at time of study, there are unlikely to be any foils that are similar to that face at time of test; whereas typical faces presented during study are likely to have highly similar foils at time of test. By contrast, in the designs conducted by Shiffrin et al. (1995) and Zaki and Nosofsky (2001) , different testing situations were used. In Zaki and Nosofsky's experiment, subjects were tested in a uniform manner with all colors from all regions, regardless of which particular colors were presented at time of study. Likewise, in Shiffrin et al.'s experiment, subjects were always tested on two old words, two new ones, and the prototype, regardless of the size of the category that was experienced during the study phase.
Conceivably, in the standard face-recognition studies, subjects may gain some metaknowledge of the structure of the test situation and use this knowledge to influence their recognition judgments. For example, an observer may come to realize that he or she is never being tested on foils that are similar to the distinctive target faces presented during the study phase. Thus, an observer would optimize performance by responding "old" to any test face that seemed at all similar to a distinctive study face. The participant would need to set a higher criterion, however, for responding "old" to test faces that seemed similar to typical study faces.
The purpose of Experiment 1 was to pursue this hypothesis by systematically manipulating the structure of the test situation used to assess old-new recognition. In all conditions, subjects studied a list of objects in which the typicality and distinctiveness of individual objects were varied. At the time of the test, subjects were presented with some of the old objects as well as new ones. In one condition, the test situation was designed to mimic the standard face-recognition paradigm: Highly similar stimuli were never presented as foils for distinctive study items, only for typical ones. The other two conditions paralleled the test situations used by Zaki and Nosofsky (2001) and Shiffrin et al. (1995) . To obtain generality of the results, the same basic design was used in three different stimulus domains: colors, faces, and words. We hypothesized that a distinctiveness effect (i.e., higher hit rates for distinctive objects than for typical ones) would be observed only in the test situation in which similar items never served as foils for distinctive targets.
Design
The general experimental design was similar for the three stimulus domains. The sets of objects were organized into categories, in which objects within categories were similar to one another, whereas objects between categories were relatively dissimilar. For example, in the domain of colors, the categories were different Munsell hues. Within each hue, the colors varied slightly in brightness and saturation, thereby producing a set in which withincategory objects were similar and between-category objects were dissimilar. During the study phase, half the categories were designated as dense, and half were designated as sparse. Numerous old study items were presented from each dense category (typical old items), whereas a single old study item was presented from each sparse category (distinctive old items).
The structure of the test situation was manipulated as a betweensubjects variable. In the complete-set testing condition (analogous to the method used by Zaki & Nosofsky, 2001 ), subjects were tested on all items from all categories. In the fixed-subset testing condition (analogous to the method used by Shiffrin et al., 1995) , subjects were tested on a single old item and either one or two new items from each category, regardless of whether the study category was dense or sparse. And in the correlated-subset testing condition, subjects were tested on all items from the dense categories (including both old and new items), but on only the single old item from the sparse categories. Thus, in this latter condition, similar foils were presented only for typical target items, not distinctive ones.
Method Subjects
There were 78 subjects in the color experiment, 94 in the word experiment, and 97 in the face experiment. All subjects were undergraduate students at Indiana University. A roughly equal number of subjects in each stimulus-domain experiment participated in the complete-set, fixed-subset, and correlated-subset test conditions (details are provided in Table 1 ). Subjects in the word and face experiments received partial credit toward an introductory psychology course requirement, whereas subjects in the color experiment were paid $6 for their participation.
Stimuli
In the color experiment, the stimuli were seven colors from each of six hue regions defined by the Munsell system. The six hues were blue, red-purple, yellow-red, green-yellow, green, and purple. The colors within each hue region varied in brightness and saturation. The configuration of the colors in each individual hue region is shown in Figure 2 . The color at the centroid of the configuration is defined as the prototype of the hue category. The stimuli were produced by scanning the Munsell color chips into a computer. This scanning procedure has been shown in previous work to roughly maintain the relative perceptual distances among colors in the Munsell space (Zaki & Nosofsky, 2001 ). The complete list of hue, brightness, and saturation values for the 42 colors, together with the corresponding red-green-blue (RGB) values resulting from the computer scans, is provided in Appendix A. Each stimulus was presented as a 2-in. square on a white background.
In the word experiment, there were 15 words from each of 12 categories. The categories were fish, flower, gem, furniture, vehicle, weapon, tool, bird, sport, toy, clothing, and vegetable. A complete list of the words from each category is provided in Appendix B. The lists of words were adapted from the stimuli used by Rosch (1975) . In particular, 1 of Rosch's original categories was dropped because it had high similarity to another category, and 3 new categories were added. From each of the categories, we chose the 15 most frequent items to help ensure that the words would be familiar to subjects in the experiment. The prototypes of the categories from Rosch were provided in her article. For each of the three newly created categories, we chose a single word that we deemed to be the most typical, although this choice of category prototype is not critical to the goals of the experiment. The prototype of each category is identified in Appendix B.
In the face experiment, the stimuli were black-and-white yearbook photographs adapted from a set of stimuli used by Criss and Shiffrin (2000) . There were 12 categories of faces, with 12 items per category. The categories differed primarily in terms of race, gender, hair color, hair length, or other salient features. In the face experiment, we did not identify any single item as corresponding to the category prototype.
Procedure
In all three stimulus-domain experiments, there was a study phase followed by a test phase. During the study phase, the old items were presented on a computer screen in random order, and subjects were instructed that their memory for the items would be tested. During the subsequent test phase, both old and new items were presented on the computer screen. Subjects judged whether each item was old or new and supplied a confidence judgment on a 5-point scale, ranging from 1 (guessing) to 5 (extremely confident). The order of presentation of the test items was randomized for each subject.
In the following section, we describe the procedure for the color experiment in detail. Because the procedures for the word and face experiments were directly analogous to the color experiment, we only briefly summarize them. Details of the procedure for all three experiments, however, are provided in Table 1 . One difference among the three stimulus-domain experiments is that a differing number of study items was used. Preliminary work indicated that the colors were the hardest stimuli to hold in memory, so this experiment used the smallest number of study items; whereas the words were the easiest stimuli to memorize, so this experiment used the largest number of study items.
Color experiment. For each subject, three hue categories were randomly selected as dense, and the other three hue categories were designated as sparse. The old study items consisted of four colors from each dense hue category and one study item from each sparse hue category, for a total of 15 old study items. The old study items from each hue category were randomly selected for each subject, except that the prototype never served as an old study item. In the complete-set test condition, subjects made old-new recognition judgments for all items from all categories. Thus, for each dense category, there were 4 old study items, 2 foils, and 1 prototype; whereas for each sparse category, there were 1 old study item, 5 foils, and 1 prototype. Therefore, this condition had a total of 15 old items and 27 new ones. In the fixed-subset test condition, there was 1 old study item, 1 foil, and 1 prototype from each category, regardless of whether the study category was dense or sparse. The old study items and foils from each category were randomly selected for each subject. Thus, this test condition had a total of 6 old study items and 12 new ones. In the correlated-subset test condition, all items were presented from the dense categories, but only the single study item was presented from each sparse category. Thus, there were 4 old items, 2 foils, and 1 prototype from each dense category, and a single old item from each sparse category, for a total of 15 old items and 9 new ones.
Word experiment. For each subject, six word categories were randomly selected as dense, and the other six word categories were designated as sparse. The old study items consisted of 10 randomly selected words from each dense category and 1 randomly selected word from each sparse category, for a total of 66 old study items. The prototype never served as an old study item. The structure of the complete-set, fixed-subset, and correlated-subset test conditions is reported in Table 1 .
Face experiment. For each subject, six face categories were randomly selected as dense and the other six were designated as sparse. The old study items consisted of seven randomly selected faces from each dense category and one randomly selected face from each sparse category, for a total of 48 old study items. The structure of the complete-set, fixed-subset, and correlated-subset test conditions is reported in Table 1 .
Results
The mean probability with which subjects judged the different types of items to be old across the three stimulus-domain experiments and conditions of testing is reported in Table 2 . The patterns of results were similar across the three stimulus domains, so we describe them in general terms rather than for each stimulus domain separately.
We start by describing the results for the new items. First, inspection of the results from the fixed-subset and complete-set testing conditions reveals that false-alarm rates to new items increased as their typicality increased. That is, false-alarm rates were greater for new items drawn from dense categories than for new items drawn from sparse categories. (Recall that no new items were drawn from sparse categories in the correlated-subset testing condition, so this comparison is not available in that condition.) Second, false-alarm rates to the prototypes were higher than to the other new items. (Prototypes were not presented in the face experiment, however, so this comparison is not available in that experiment.) The increasing false-alarm rates as a function of category density and prototypicality were as predicted by globalactivation models of recognition memory. In particular, as category density and prototypicality increase, the summed similarity of test items to the stored exemplars increase, so global-familiarity models predict increased rates of responding "old."
The critical results pertain to the old items. First, averaged across all three experiments and conditions of testing, hit rates to old items from dense categories (typical old items) slightly exceeded hit rates to old items from sparse categories (distinctive old items; .780 vs. .756). Thus, as was found in the experiments reported by Zaki and Nosofsky (2001) and Shiffrin et al. (1995) , there was no overall evidence of a distinctiveness effect in which distinctive old items had higher hit rates than typical old items. The most important question concerned whether the relative hit rates to typical and distinctive old items depended on the structure of the testing conditions. We found little or no evidence in favor of this hypothesis. Although the results were in the predicted direction in the color experiment, the interaction between testing condition and category size on old-item hit rates was not statistically significant, F(2, 75) ϭ 1.56, p ϭ .22. Likewise, this key interaction was not statistically significant in the word experiment, F(2, 91) ϭ 1.88, p ϭ .16; or in the face experiment, F(2, 94) ϭ 0.32, p ϭ .73. Averaged across the three stimulus domains, mean hit rates to typical-old and distinctive-old items were .78 and .73, respectively, in the complete-set testing condition; .82 and .81 in the fixed-subset testing condition; and .74 and .74 in the correlatedsubset testing condition. At least under the present conditions, therefore, any influence of the structure of the test situation on a distinctiveness effect for old items was either absent or fairly small.
One concern that might be raised is that the proportion of old versus new items varied across the three testing conditions (complete set, fixed subset, and correlated subset). It would be reasonable to expect that such a factor would influence the overall bias for responding "old" versus "new" in each condition. However, the critical question concerned the relative rate of responding "old" for distinctive (sparse) versus typical (dense) targets within each testing condition. Any global change in response bias would affect hit rates for typical versus distinctive targets in a similar manner. Thus, if there were a distinctiveness advantage in any given testing condition, it would have appeared regardless of the overall level of response bias operating in that condition.
Another concern is that the lack of a distinctiveness advantage in any given testing condition might simply have reflected a lack of statistical power. First, note that averaged across the three stimulus domains, the results never even went in the direction of a distinctiveness advantage. In addition, we conducted a power analysis based on the standard error of the difference scores (hit rates for sparse vs. dense items) computed from the correlatedsubset testing condition. We focused on the correlated-subset condition because there we hypothesized that a distinctiveness advantage would most likely be observed. Pooling across the three stimulus domains and assuming an effect size (i.e., a true distinctiveness advantage) of .10, the power of the test was .99; for an assumed effect size of .05, the power of the test was .60. Thus, our finding that the overall hit rates for distinctive versus typical items were virtually identical in the correlated-subset testing condition did not stem from a lack of statistical power.
Most important, in Experiment 2, we show that with a somewhat different manipulation but using the same population of subjects, stimulus materials, and an extremely similar design, large and significant effects of distinctiveness are observed. We do not interpret the null effects in the present experiment to mean that the structure of the test situation has no influence on whether old-item distinctiveness effects are observed. Rather, the results from the combined experiments will suggest that there is a powerful joint influence of multiple factors that give rise to old-item distinctiveness effects.
Discussion
In Experiment 1, we pursued the hypothesis that the structure of the test situation exerts an impact on whether a hit-rate advantage will be observed for distinctive old items. Specifically, we hypothesized that subjects may gain some metaknowledge of the structure of the test situation. In situations in which similar stimuli never serve as foils for distinctive old items, subjects may learn to set a low criterion for responding "old" to such items. However, across three separate stimulus-domain experiments, we failed to find any strong evidence for such an effect. Although this null result does not indicate that the structure of the test situation is irrelevant, it does suggest that other factors may also be at work when substantial effects of distinctiveness on old-item recognition are observed. The purpose of Experiments 2A-2C was to investigate one such potential factor.
Experiment 2A
In the previous experiment, we conceptualized distinctiveness solely in terms of the degree to which an old item resided in an isolated portion of a similarity space. There are other reasons why an item might stand out from others in the set, however. Recall that in Busey and Tunnicliff's (1999) experiment, for example, objects that were scaled in isolated regions of the similarity space tended to have certain stimulus-specific properties, such as beards, whereas typical objects did not. Conceivably, at time of test, an observer might be remembering the stimulus-specific property and using it as a basis for recognition, which could potentially explain elevated hit rates for distinctive items. Furthermore, as is explained below, the current version of the GCM has no mechanism for capturing the potential influence of discrete, individuating properties associated with objects. This limitation could explain the model's failure to predict the hit-rate advantage for distinctive old items in Busey and Tunnicliff's study.
The main purpose of our remaining experiments was to explicitly manipulate the presence of discrete, individuating features of objects and test for effects of this manipulation on perceptual old-new recognition judgments. We used as stimuli a set of Munsell color patches. As was the case in Experiment 1, the colors were organized into different hue categories. Within each hue, colors varied in brightness and saturation. Colors of the same hue were highly similar to one another, whereas colors of different hues were relatively dissimilar. The key manipulation was that certain discrete features were added to a small number of the color patches. Specifically, one old color patch had a plus sign (ϩ) drawn at its center, a second color patch had the letter M, and a third color patch had the symbol ϾϾϾ. Thus, in these experiments, distinctive items were defined as those that had one of the discrete, individuating features.
In Experiment 2A, if one of these discrete features appeared on an old object at time of study, then it also appeared on that object at time of test. Furthermore, these discrete features did not appear on any foils. In Experiments 2B and 2C, we conducted manipulations that were similar to those of Experiment 1 by varying the structure of the test list. Specifically, we varied the extent to which these discrete features also appeared on foils that were similar to the distinctive targets. Because the ensuing experiments are identical to one another except for manipulations in the structure of the test list, they can be conceptualized as different conditions within a single experiment, and so we occasionally report some crossexperiment comparisons.
1

Method Subjects
The subjects were 61 undergraduates from Indiana University, who participated as part of a course requirement. To increase motivation, we offered a $15 reward to the 2 subjects with the highest accuracy in the experiment.
Stimuli
The stimuli were the same color patches used in the color-domain condition of Experiment 1. Again, there were seven colors from each of six hue regions. The configuration of the colors within each region was the same as shown in Figure 2 , that is, it included a prototype item surrounded by a ring of other items. In this experiment, however, each of three color patches (each one from a separate hue region) had a discrete feature drawn at its center (ϩ, M, and ϾϾϾ).
Procedure
For each subject, three of the six hue regions were chosen at random to serve as marked regions. Within each marked region, a single color (not including the prototype) was chosen at random to serve as a distinctive item. One of the three discrete features was added to this item. (A different discrete feature was used for each marked region.) We refer to the remaining colors, without the discrete features, as typical items. Also, we refer to the three hue regions that were not chosen to have a distinctive item as unmarked regions.
For each subject, three colors from each of the six hue regions were randomly chosen to serve as old study items, with the constraint that the distinctive colors were always old. The remaining four colors from each region (including the prototype) were new. Thus, there was a total of 18 old items (3 from each of the 6 hue regions), and 3 of these old items were distinctive. There was a total of 24 new items (3 typical new items as well as the prototype from each hue region).
Before the experiment began, subjects were instructed that some of the color patches would have markings placed on them and that they might be able to use these markings to help remember the items. In all other respects, the procedure was the same as already described for the complete-set testing condition of Experiment 1.
Results
The mean probability with which each of seven main types of items was judged to be old is reported in Table 3 . The seven item types are the distinctive old (DO), typical old (TO), typical foil (TF), and prototype (P) items from the marked regions; and the typical old, typical foil, and prototype items from the unmarked regions. As is evident from inspection of Table 3 , hit rates for the old items exceeded false-alarm rates for the new items. Also, the prototypes had higher false-alarm rates than did the other new items. The critical result was that the DO items had significantly higher hit rates (M ϭ .93) than did the TO items (M ϭ .77), t(60) ϭ 4.73, p Ͻ .001. We refer to this difference in hit rates between the DO and TO items (which in the present case equals .16) as the magnitude of the old-item distinctiveness effect.
2
Theoretical Analysis
The finding that the distinctive old items had higher hit rates than did the typical old items is perhaps not very surprising. Nevertheless, this finding provides a severe challenge to the current version of the GCM. In this section, we first describe the formal model as it is applied to the present paradigm and explain its fundamental limitation. We then go on to propose an extended version of the model that may allow it to account for the present types of distinctiveness effects in old-new recognition.
According to the GCM, the global familiarity (F i ) of item i is found by summing its similarity to all of the old study exemplars. The probability with which item i is recognized as old is then given by
where k is a response-criterion parameter. The GCM uses a multidimensional scaling (MDS) approach to modeling similarity. Exemplars are represented as points in a multidimensional space, and similarity between exemplars is an exponentially decreasing 1 We do not report Experiments 2A-2C as individual conditions within a single experiment because the undergraduate students were tested at different times during the semester. This difference seems like a very minor one, however. Therefore, we believe that the occasional cross-experiment comparisons, which are strongly theoretically motivated, are very reasonable ones to make.
2 To determine whether the old-item distinctiveness effect might have arisen simply because subjects gave greater attention during study to the colors that had the individuating features, we also tested a control condition with 90 new subjects. The control condition was identical to the experimental condition in all respects, except that during the test, the individuating features were removed from all of the color patches. Subjects were instructed to base their old-new judgments on only the colors themselves, without regard to the presence or absence of the discrete, individuating features. In the control condition, average hit rates to the distinctive old and typical old items were .68 and .73, respectively (i.e., distinctive old items were recognized with slightly worse accuracy than were typical old items). This result suggested that the old-item distinctiveness effect in the experimental condition was not simply due to subjects giving greater attention to the distinctive old colors. Note. GCM ϭ generalized context model; DO ϭ distinctive old; TO ϭ typical old; TF ϭ typical foil; P ϭ prototype.
function of distance in the space (Shepard, 1987) . The similarity of item i to exemplar j is given by
where d ij is the distance between objects i and j in the space, and is an overall scaling parameter. In the present paradigm, the addition of the discrete features to the distinctive objects can be conceptualized as increasing their distance to the other exemplars in the space.
There are two key reasons why the GCM cannot account for the present old-item distinctiveness effect. First, the model assumes that all stimuli have equal self-similarity. More specifically, in the GCM, the similarity of an object to itself is always equal to 1. The reason is that if two stimuli match exactly on all dimensions, then their distance is equal to 0. Because similarity is an exponentially decreasing function of distance, the self-similarity is therefore equal to 1. Second, note that the summed similarity of the distinctive stimuli (i.e., those with the discrete features added) will therefore be less than the summed similarity of the typical stimuli (i.e., those without the discrete features). Although the selfsimilarities of the distinctive and typical stimuli are equal, the distinctive stimuli are less similar to the remaining exemplars in the study set. Thus, because summed similarity for the distinctive stimuli is less than for the typical stimuli, the standard version of the GCM fails to predict the present distinctiveness effect on recognition hit rates.
To address this challenge, we propose here an extended version of the GCM that makes use of a richer form of similarity representation. M. D. Lee and Navarro (2002; Navarro & Lee, in press ) have proposed closely related models, which we describe in our General Discussion. The idea is to develop a hybrid-similarity representation that combines the MDS approach in the GCM with Tversky's (1977) classic ideas involving discrete feature matching. This extension of the GCM is strongly motivated by a huge converging literature from fields such as similarity judgment, visual search, and classification, which demonstrates the central role of discrete-feature matching in cognitive processing (Gati & Tversky, 1984; Shepard & Arabie, 1979; Treisman & Souther, 1985; Tversky, 1977) .
According to Tversky's (1977) feature-contrast model (FCM), the similarity between two objects i and j is given by
where f(I പ J) is a measure of the features that are common to objects i and j; f(I Ϫ J) and f(J Ϫ I) are measures of the features that are distinctive to objects i and j, respectively; , ␣, and ␤ are decision weights; and F is an increasing function. The aspect of Tversky's model that is key here is that it allows for stimuli to have differing degrees of self-similarity to one another. A stimulus with a highly salient feature will be more similar to itself (i.e., have greater self-match) than a stimulus without such a feature, because matching common features increase similarity (see Equation 3 ). If the degree of self-match is sufficiently strong, then the summed similarity of a highly distinctive item can exceed the summed similarity of more typical ones.
In the proposed hybrid model, the similarity between two objects i and j takes the general form
where C (C Ͼ 1) is the boost in similarity provided by common (matching) discrete features, D (0 Ͻ D Ͻ 1) is the reduction in similarity caused by distinctive (mismatching) features, and s(i, j) is the overall similarity between the objects in the continuousdimension portion of the space (as computed in Equation 2). For simplicity in denoting the continuous-dimension component of the model, let s w denote the mean similarity of colors within the same hue region, let s p denote the mean similarity of the prototype to other colors in its hue region, and let s b denote the mean similarity among colors of different hue regions. These similarity values can be computed by calculating distances between the colors in the Munsell color space and then by applying Equation 2. (This computation requires the estimation of a single sensitivity parameter in Equation 2.) To illustrate the workings of the hybrid model, consider, for example, its application to a distinctive old item. The item has similarity C to itself, average similarity s w ϫ D to each of the other old items in its hue region, and average similarity s b ϫ D to each of the old items in the other hue regions. (For simplicity, we assume here that a single parameter D represents the similarity between the presence of a distinctive feature and its absence, as well as the similarity between two mismatching distinctive features.) Thus, in the present design, the overall summed similarity of a distinctive old item to the 18 old exemplars is given by
The probability that the item is judged to be old is then found by applying the recognition response rule (Equation 1). It is straightforward to derive analogous prediction equations for each of the other types of test items in this design. The free parameters in this application of the hybrid model are the common-feature parameter C, the distinctive-feature parameter D, a response-criterion parameter k (from Equation 1), and an overall sensitivity parameter for estimating the values of s w and s p .
3 On the basis of preliminary model explorations, we found that the between-category similarity value s b did not contribute in a substantial way to the model fits. Therefore, for simplicity, and to reduce the number of free parameters, we set s b ϭ .01. We conducted a computer search for the values of the free parameters that minimized the sum of squared deviations (SSD) between the predicted and observed recognition probabilities across the seven item types.
The predictions from this hybrid-similarity GCM are shown along with the observed data in Table 3 , with the best-fitting parameters reported in Table 4 . The model accounts for 99.8% of the variance in the recognition data and captures the observed distinctiveness effect on old-item hit rates. The best-fitting value of the common-feature parameter was C ϭ 4.88, indicating a strong role of self-match in this paradigm. To bring out the importance of the common-feature parameter, we also fitted a restricted version of the hybrid-similarity GCM in which C was held fixed at 1.0. The predictions from this version of the model are shown in Table  3 . As can be seen, this standard version of the GCM fails to account for the old-item distinctiveness effect. Furthermore, according to the results of a general linear test, the restricted model with C ϭ 1 fits the recognition data significantly worse than does the full version of the model (with C free to vary), F(1, 3) ϭ 31.14, p Ͻ .05.
Experiment 2B
In Experiment 2B, we extended the design of Experiment 2A by including the discrete, individuating features on foils as well as old items. We had two main aims in performing this manipulation. First, by including foils with the discrete, individuating features, we obtain more rigorous tests of the quantitative predictions from the hybrid-similarity model. Second, note that this manipulation is similar to the one from Experiment 1. Specifically, the question is whether including foils that are similar to the distinctive targets will influence the magnitude of the old-item distinctiveness effect. To the extent that subjects realize that the test list contains foils with the discrete, individuating features, they may give less weight to this source of information in making their recognition judgments. Such a result would be reflected in a reduced estimate of the common-feature parameter C.
Method Subjects
The subjects were 72 undergraduates from Indiana University, who participated as part of a course requirement. Once again, we offered a $15 reward to the 2 subjects with the best performance in the experiment.
Stimuli
The stimuli were the same as in Experiment 2A, except that the discrete features were added to various foils in addition to the three distinctive targets.
Procedure
The procedure was the same as in Experiment 2A, with the following exceptions. In each of the three marked regions, a discrete feature was placed on a randomly chosen foil. The discrete feature was the same as the one placed on the distinctive old item in that hue region. We refer to these items as the high-similarity distinctive foils (HSDF), because they are highly similar to the distinctive old item from their own hue region. In addition, in each of the three unmarked regions, one of the three discrete features was also placed on a randomly chosen foil. (A different discrete feature was used in each unmarked region.) We refer to these items as the low-similarity distinctive foils (LSDF). Although these foils contain a discrete feature that matches one of the distinctive old items, they are dissimilar to the distinctive old items because they come from separate hue regions. In sum, this design was the same as in Experiment 2A, except that among the 18 foils, there were 3 HSDF items, 3 LSDF items, and 12 typical foils (6 from marked regions and 6 from unmarked regions).
Results
The mean probability with which each of nine main types of items was judged to be old is reported in Table 5 . The item types were the same as in Experiment 2A, with the addition of the HSDF and LSDF items. The general pattern of results was the same as in Experiment 2A, with higher hit rates to distinctive old (.82) than typical old items (.76), t(71) ϭ 1.68, p ϭ .05, one-tailed. However, as hypothesized, the magnitude of this old-item distinctiveness effect (.06) was significantly reduced compared with that observed in Experiment 2A (.16), t(131) ϭ 2.28, p Ͻ .05. This result supports the idea that subjects were indeed sensitive to the structure of the test phase in this condition: Because various foils also included the individuating discrete features, this source of information no longer provided a perfectly reliable cue as to whether items were old or new. Thus, it appears that subjects gave less weight to the common-feature match in making their recognition judgments in Experiment 2B than in Experiment 2A.
An intriguing result was that the high-similarity distinctive foils (HSDF) had lower false-alarm rates (.28) than did the highsimilarity typical foils (HSTF; .46). In other words, adding the same distinctive feature to a foil that was similar to an old item helped observers to realize that the foil was new! Consider an analogous situation in a face-recognition experiment. Suppose that a particular old face has a distinctive scar. At time of test, a new face that is similar to the old one is presented, but the scar is placed Note. GCM ϭ generalized context model; DO ϭ distinctive old; TO ϭ typical old; TF ϭ typical foil; P ϭ prototype; HSDF ϭ high-similarity distinctive foil; LSDF ϭ low-similarity distinctive foil. Note. GCM ϭ generalized context model; C ϭ common-feature match; D ϭ distinctive-feature mismatch; ϭ overall sensitivity; k ϭ response criterion.
on this new face. Adding the scar helps the observer to realize that the face is new. Intuitively, it is as if the observer is thinking, "Wait a minute, that wasn't the person with the scar, it was the other person!" This reduction in false-alarm rates for distinctive foils was even more dramatic for the LSDF items (.09). It might seem that such results would present a major challenge to the proposed hybrid-similarity GCM, because adding the salient feature to the new items would greatly increase their match to the old distinctive item. As will be seen, however, the hybridsimilarity exemplar model in fact provided an excellent account of the complete set of data.
Theoretical Analysis
The prediction equations for the hybrid-similarity GCM are the same as in Experiment 2A, and the same free parameters are used. There are two additional item types, however, the HSDF and LSDF items. Consider, for example, an HSDF item. The item has similarity C ϫ s w to the old distinctive exemplar from its own hue region; similarity s w ϫ D to each of the other old exemplars in its hue region; and similarity s b ϫ D to each of the old exemplars in the other hue regions. Its overall summed similarity to the old exemplars is therefore given by
Likewise, the summed similarity for the LSDF items is given by
The predicted recognition probabilities for the nine item types are shown along with the observed data in Table 5 , with the best-fitting parameters reported in Table 4 . Again, the model provides an excellent fit to the data, accounting for 99.3% of the response variance. As in Experiment 2A, it accounts for the elevated hit rate associated with the distinctive old items. More interesting, it also accounts well for the reduced false-alarm rates associated with the distinctive foils (HSDF and LSDF). The reason is as follows. Although these foils match an old distinctive item on its highly salient discrete feature, they mismatch all of the other study items on this feature. The boost provided by the commonfeature match is more than offset by the reduction in similarity to all the other items in the set. The LSDF items are predicted correctly to have extremely low false-alarm rates because they are highly dissimilar to all old exemplars, even to the old distinctive items with which they share the salient discrete feature.
The hybrid-similarity GCM accounts in quantitative detail for a variety of more subtle effects in this data set as well. For example, it predicts that hit and false-alarm rates associated with typical items are slightly larger in the unmarked regions than in the marked regions. The reason is that in the unmarked regions, there are three old exemplars that contribute substantially to an item's summed similarity (i.e., the three exemplars from any given hue region); whereas in the marked regions, only two old exemplars contribute substantially to the sum. The third exemplar is a distinctive old item and so is dissimilar to all typical test items. The model also predicts the elevated false-alarm rates associated with the prototype items because these items tend to be more similar overall to the old exemplars than are the other foils.
Examination of the best-fitting parameters (Table 4 ) reveals a similar pattern of results as was observed in Experiment 2A. The interesting difference is that the common-feature parameter takes on a smaller value in the present condition (C ϭ 1.48). As discussed previously, this result is as expected if subjects are sensitive to the structure of the foils used in the testing situation. Nevertheless, the common-feature parameter still plays a critical role. A restricted version of the hybrid model with C ϭ 1 fits the data significantly worse than does the full model, F(1, 5) ϭ 8.29, p Ͻ .05.
Experiment 2C
Our final experiment in the set was designed to be intermediate between Experiments 2A and 2B. We continued to test foils that included the discrete, individuating features of the distinctive old items. However, in this design, instead of testing three HSDF and LSDF items, we tested only one token of each of these items. If our idea is correct that the weight given to the common feature depends on the structure of the test list, then the magnitude of C will be greater in Experiment 2C than in Experiment 2B (because the discrete features provide more reliable sources of information in the present design). The prediction, therefore, is that relative to Experiment 2B, there should be increases in the hit rates to the distinctive old items and increases in false-alarm rates to the high-similarity and low-similarity distinctive foils.
Method Subjects
The subjects were 60 undergraduates at Indiana University, who participated as part of a class requirement. We again offered a $15 reward to the 2 top performers.
Stimuli
The stimuli were the same as in Experiments 2A and 2B.
Procedure
The procedure was the same as in Experiment 2B, except there was only a single token of an HSDF and LSDF item. The same randomly selected discrete feature was used for both items.
Results
The mean recognition probability for each of the nine item types is reported in Table 6 . The general pattern of results is similar to the one observed in Experiment 2B. The interesting difference is that as predicted, hit rates for the distinctive old items and falsealarm rates for the distinctive foils are systematically larger in the present design. The hit rate for the distinctive old items was significantly larger in Experiment 2C than in Experiment 2B, t(130) ϭ 2.55, p Ͻ .05. Likewise, the average false-alarm rate for the distinctive foils was marginally larger in the present design, t(130) ϭ 1.95, p ϭ .05.
4
Theoretical Analysis
The predicted recognition probability for each item type is reported along with the observed data in Table 6 . The hybridsimilarity GCM accounts for 98.0% of the variance in the data. The main limitation of the model is that it somewhat underpredicts the magnitude of the old-item distinctiveness effect. Nevertheless, the model does provide a reasonable overall account of the increased hit and false-alarm rates associated with the distinctive items (relative to those observed in Experiment 2B). Furthermore, the quantitative fit of the model is again significantly better than that of the standard GCM, F(1, 5) ϭ 12.25, p Ͻ .05. The bestfitting parameters, reported in Table 4 , confirm that as hypothesized, the value of the common-feature match parameter (C ϭ 2.27) is intermediate between the estimates obtained in Experiments 2A and 2B.
To test if the variation in the common-feature match parameter across Experiments 2A-2C was statistically significant, we fitted a restricted version of the hybrid-similarity GCM to the data. In this restricted version, we constrained the value of C to be constant across Experiments 2A-2C while allowing all of the other model parameters to vary freely. This restricted model fit the Experiment 2A-2C data significantly worse than did the full version, F(2, 13) ϭ 4.49, p Ͻ .05, providing further evidence that the commonfeature match parameter varied systematically across the three test conditions.
General Discussion
The presence of old-item distinctiveness effects provides a potential challenge to global-familiarity models of perceptual oldnew recognition. As argued, for example, by Valentine and Ferrara (1991) , it would appear that the summed similarity of typical old items would exceed the summed similarity of distinctive old items. Therefore, if summed similarity provides the basis for an observer's recognition judgments, as posited in various global-familiarity models such as the GCM, then typical old items would be recognized with higher probability than distinctive old items. Reported findings that distinctive old items have a recognition advantage therefore provide a clear challenge to such models.
However, the construct of distinctiveness is an open-ended one, and it is unclear what are the conditions under which such distinctiveness effects are observed. In the present research, we started by operationalizing distinctiveness in terms of the degree of isolation of an object in the similarity space of other studied objects. In agreement with some past work (Shiffrin et al., 1995; Zaki & Nosofsky, 2001) , in Experiment 1 of this article, we found that old items located in isolated regions of the similarity space were not recognized with higher probability than were more typical, densely located objects. Furthermore, the absence of such old-item distinctiveness effects was even observed in conditions in which highsimilarity items never served as foils for the distinctive targets. Apparently, something more seems to be at work in situations that give rise to substantial old-item distinctiveness effects in perceptual recognition.
Our key hypothesis is that distinctive items stand out from other items in the set not simply because they lie in isolated regions of the similarity space, but because they may possess certain individuating features that take them outside of the similarity space of the other items. Furthermore, global-familiarity models such as the GCM, which embed stimuli as points in a homogeneous, continuous-dimension space, are not well equipped to represent the effects of such discrete, individuating features. For example, in the face-recognition studies reported by Busey and Tunnicliff (1999) , a six-dimensional scaling solution was used to represent similarities among a large set of faces. Naturally, faces that possessed highly individuating features, such as scars or beards, would tend to be located in isolated regions of such a continuous-dimension space. However, the presence of these discrete individuating features is not explicitly represented in this type of continuousdimension scaling solution.
In Experiment 2 of the present research, we explicitly manipulated whether objects contained these types of discrete, individuating properties. Furthermore, we tested an extended version of the GCM with a richer, hybrid-similarity representation that is sensitive to such properties. The key idea in this hybrid representation is that the presence of highly salient, common features across objects can provide a strong boost to the objects' psychological similarity. Across three experimental conditions, we found that the presence of such discrete, individuating features did indeed have a strong impact on hit rates associated with old target items. Furthermore, our preliminary tests demonstrated some strong initial successes for the predictions of the proposed hybrid-similarity GCM. 4 In a more detailed analysis, we examined whether hit rates to distinctive old items varied depending on which specific HSDF and LSDF items were included in the test list. Note that one of the distinctive old items matches the HSDF and LSDF items on its individuating feature, whereas the other two distinctive old items do not share their individuating features with the foils. The distinctive old item with the matching feature had an average hit rate of .88, whereas the distinctive old items with the mismatching features had an average hit rate of .93, t(59) ϭ 1.14, p Ͼ .10. The results go in the direction of the idea that people are sensitive to the specific matching feature of the distinctive foils, but the effect is a weak one. Note. GCM ϭ generalized context model; DO ϭ distinctive old; TO ϭ typical old; TF ϭ typical foil; P ϭ prototype; HSDF ϭ high-similarity distinctive foil; LSDF ϭ low-similarity distinctive foil.
Beyond predicting the hit-rate advantage associated with the distinctive targets, the hybrid-similarity model also successfully predicted the decrease in false-alarm rates associated with the distinctive foils. Note that this phenomenon provides an example of the mirror effect in recognition memory, in which certain experimental manipulations simultaneously give rise to increased hit rates yet decreased false-alarm rates (Glanzer, Adams, Iverson, & Kim, 1993) . The hybrid-similarity GCM can successfully account for the present mirror effect because the discrete, individuating features exert competing influences on summed similarity. The presence of common features across objects results in boosts to summed similarity, whereas the presence of mismatching features results in reductions to summed similarity.
Note, however, that the hybrid-similarity model does not predict that a mirror effect is an automatic consequence of a manipulation of the discrete features. Rather, its occurrence is predicted to depend on a variety of parametric considerations, such as the degree of attention that observers give to the individuating features as well as the level of similarity between the targets and foils.
For example, if foils with a distinctive feature are made sufficiently similar to the distinctive targets, then by necessity, the model would predict elevated false-alarm rates for those items as well. This reasoning led us to conduct the following more finegrained analysis of our data. We divided the high-similarity distinctive foils into two groups. The first group consisted of veryhigh-similarity distinctive foils (VHSDF), which were the closest possible distance from the distinctive old item in their hue region. (In particular, in Figure 2 , Item Pairs 1-2, 1-3, 4 -6, and 5-6 satisfy this closest-possible-distance relation.) The second group consisted of all remaining distinctive foils in the same hue region, which we termed moderate-similarity distinctive foils (MSDF). We performed an analogous breakdown of the typical foils in each hue region, thereby creating a group of very-high-similarity typical foils (VHSTF) and a group of moderate-similarity typical foils (MSTF). Thus, a VHSTF item is a typical foil that is the closest possible distance to the distinctive old item in its hue region.
The mean false-alarm rates for these item types are reported in Table 7 . (We analyzed only the Experiment 2B data because it was the only experiment with a sufficient number of observations to conduct the breakdown of the HSDF items.) The table also reports the predictions from the hybrid-similarity GCM, with all parameters held fixed from the previous modeling analyses. The key qualitative result that is correctly predicted by the model is that whereas the MSDF items have lower false-alarm rates than do the MSTF items, the VHSDF items do not have lower false-alarm rates than do the VHSTF items. In other words, when a distinctive foil becomes sufficiently similar to a distinctive target, the mirror effect disappears. Future research is needed to test more rigorously the hybrid model's prediction of a complete reversal of the mirror effect with increases in similarity of the distinctive foils to the distinctive targets.
Finally, note that the hybrid-similarity GCM provides an explanation for why strong old-item distinctiveness effects were observed in Experiments 2A-2C but were weak or absent in the conditions in Experiment 1. In Experiment 1, and previous experiments like it (Shiffrin et al., 1995; Zaki & Nosofsky, 2001) , distinctive objects were defined simply as those objects located in isolated regions of the similarity space of studied items. However, such objects did not tend to possess individuating discrete properties that were not also possessed by typical objects located in dense regions. Thus, the absence of old-item distinctiveness effects in such experiments is also in accord with the predictions from the hybrid-similarity GCM.
Relations to Previous Exemplar Models
The idea of extending exemplar-based models of categorization with a discrete-feature similarity representation was proposed previously by M. D. Lee and Navarro (2002) . Specifically, in an elegant study, these researchers showed that when a discretefeature representation was used in conjunction with Kruschke's (1992) exemplar-based connectionist model, known as ALCOVE, it provided a significantly better account of some classification learning data than when a continuous-dimension similarity representation was used. M. D. Lee and Navarro derived the featurebased similarity representation by fitting an additive clustering model (M. D. Lee, 2002; Shepard & Arabie, 1979) to a set of similarity-ratings data. In additive clustering, similarity is modeled in terms of the number of common features shared by objects. However, M. D. Lee and Navarro made no use of this commonfeature structure in using ALCOVE to derive its predictions of classification learning. Rather, their classification-modeling application made use of only those features that were distinctive among objects. The present research complements the earlier contribution made by M. D. Lee and Navarro because it is the common-feature structure that is critical to allowing the model to account for the enhanced recognition of distinctive targets.
One question that arises is whether, instead of extending the exemplar model with the assumption of common-feature matching, alternative exemplar-based approaches may suffice to account for these data. In the GCM, the degree to which a stored exemplar is activated is determined jointly by its memory strength and by its similarity to the test item (Nosofsky, 1991; Nosofsky & Palmeri, 1997) . In past applications of the GCM, the memory-strength parameters were used to represent effects of differential presentation frequency on exemplar storage and retrieval. A straightforward idea is that distinctive old items may give rise to greater memory strengths compared with typical old items. Indeed, for the present paradigms, versions of the GCM that make allowance for individual-item memory-strength parameters (with values identical to those of the common-feature match parameter) give rise to essentially the same predictions as does the hybrid-similarity model. Our view, however, is that the hybrid-similarity model provides a more natural psychological interpretation of the present Note. MSDF ϭ moderate-similarity distinctive foils; MSTF ϭ moderatesimilarity typical foils; VHSDF ϭ very-high-similarity distinctive foils; VHSTF ϭ very-high-similarity typical foils.
data. As documented in our theoretical analyses, the value of the common-feature match parameter varied systematically across conditions of testing. Greater weight was accorded commonfeature matches in situations in which they were highly diagnostic that an item was old. By contrast, the psychological interpretation of the memory-strength parameters is one of encoding strength at time of study. It is unclear why the memory strength of an encoded exemplar would vary depending on the nature of the foils included on a test list. Another question that arises is whether the modification of the similarity rule in terms of common-feature matches would do harm to the GCM's successful predictions of classification in previous work. In particular, in numerous previous studies, the model has been applied successfully in designs in which people learn to classify sets of stimuli varying along a set of binary-valued dimensions (e.g., Medin & Schaffer, 1978) . A key aspect of such designs, however, is that all stimuli are defined along the same number of dimensions. In such situations, the use of commonfeature match parameters yields predictions that are formally identical to those in the standard version of the GCM (we provide a proof in Appendix C). It is only in cases in which additional features are placed on a stimulus, which make it stand out from others in the set, that the extended similarity rule would result in modified predictions from the model.
Directions of Future Research
The firmest conclusion based on the present research is that there are indeed cases of distinctiveness effects on perceptual old-new recognition that go beyond the ability of standard globalfamiliarity models, such as the GCM, to explain. At the same time, the extended hybrid-similarity model, which makes allowance for the idea that distinctive old items may have a greater degree of "self-match" than do typical old items, has achieved some preliminary success.
An important avenue for future work might be to contrast the predictions of the hybrid-similarity GCM with those of some alternative models of old-new recognition. One important class to consider is the set of models positing multiple processes in oldnew recognition (e.g., Brainerd, Reyna, & Mojardin, 1999; Dosher, 1984; Hintzman & Curran, 1994; Jacoby, 1991; Ratcliff & McKoon, 1989; Rotello, 2000; Yonelinas, 1999) . For example, according to some models, although global familiarity serves as one basis for making old-new recognition judgments, people rely on search and retrieval processes as well. Perhaps the enhanced recognition of distinctive old targets arises because it is easier to recall such items than it is to recall typical old items. Furthermore, people might use recall-to-reject processes (e.g., Brainerd, Reyna, & Kneer, 1995; Rotello & Heit, 2000) to help determine that foils containing the discrete, individuating features are new. It is an open question whether the types of recall and verbatim memory processes that are posited to operate in verbal domains operate in the present types of continuous-dimension perceptual domains as well. It is also an open question whether extant familiarity-plusrecall models would yield good quantitative accounts of the present data. In any case, our view is that the present contribution is an interesting one, because it demonstrates the possibility that a hybrid-similarity exemplar model based on a single process of global familiarity may be sufficient to account for a variety of distinctiveness effects in old-new recognition memory.
Finally, in recent work, Navarro and Lee (in press) have developed a similarity-scaling algorithm that combines continuousdimension and discrete-feature structure in a hybrid representation. In our present research, the continuous-dimension and discretefeature structure of the objects was obvious and was explicitly manipulated as part of the experimental design. An aim of future work might be to apply the present hybrid-similarity GCM to a more complex set of stimuli, such as naturalistic faces. In that case, it might be possible to apply the hybrid-similarity scaling algorithm developed by Navarro and Lee and use the derived representation in combination with the GCM to improve its predictions of face recognition. Note. The last word in each category was designated the category prototype.
Stimuli Used in the Word
